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Introduction
"What do you do for a living?" is probably one of the most common questions asked to strangers at social gatherings. This question partly satisfies the search for common interests and the need for societal placement. Knowing someone's occupation translates into knowing not only their earnings, but, as sociologists have long argued, also reflects prestige and status within society (Weber, 1922; Blau and Duncan, 1967; Berg, 1987, Mouw and Kalleberg, 2010) . Most approaches in economics distinguish different social classes based on differences in income, consumption, skills, or education. In contrast, a considerable number of sociologists have highlighted the role of occupations as an identifier of social class (ibid.). Less emphasis has been given to the industries that bring people from different occupations together, and to the extent to which different occupations cluster together in these industries. Overlooking work place characteristics is an important shortcoming, because people spend a large share of their time with colleagues in the workspace, sharing knowledge and common interests, and comparing themselves with their work-related peers across occupations within industries. Apart from the social spaces that the workplace impose, different types of industries are associated with different levels of job stability, wages, and social prestige (Campbell, 1960; Tatro and Garbin, 1973; Thaler, 1989; Binder et al., 2016, Brummund and Connolly, 2018) . For example, working as an administrative assistant in the federal government is likely to associated with a higher job stability and social recognition than working for a small company in a service industry. In consequence, not only occupations matter to define micro-classes (Grusky and Sørensen, 1998; Weeden and Grusky, 2005) , but also the industries in which people work. While there are large wage differentials across occupations, there are also large inter-industry wage-differentials (Krueger and Summers, 1988; Taylor, 1989) and differences in social prestige (Campbell, 1960) . The interaction between industries and occupation is part of what determines the wage, social network and social status of a person and structures society into different hierarchically and horizontally clustered subgroups.
In this article, we show that social stratification in modern complex economies is not only about income, education, race, or gender, but also about the type of industries in which different professions work. The coupling of industries and occupation creates different social subgroups with shared interests and knowledge, and thus segments society. The industry in which one works matters as there are industry specific knowledge interests and physical spaces that condition the likelihood of an individuals' social interaction and common interests. These differences in social interactions and interests are likely to cluster society into a network of different work-related societal groups. We focus our analysis on Brazil because it is known to be a segmented, unequal, and structurally heterogeneous country (Furtado, 1959 (Furtado, , 2009 ) and provides a fine-grained dataset on the occupations and industries in which people work.
Research in sociology has long highlighted the role of social prestige, networks, and occupations for social stratification and inequality (Weber, 1922; Bourdieu, 1986; Weeden and Grusky, 2005 Lin, 2017 , Zhou and Wodtke, 2018 . Yet most of the sociology research that considers social networks and 3 occupations has important shortcomings. Research on social classes and work structures has tended to focus on the national level (Kalleberg and Berg, 1987) or distinguished only between broad social classes and occupational groups (Marx, 1867; Weber, 1922; Bourdieu, 1984; Erikson et al., 1979) . Only recently has research highlighted micro-classes of different disaggregated occupations (Weeden and Grusky, 2005; Weeden and Grusky, 2012) . These approaches provide important insights on the social class structure, yet still fail to capture how the interaction of occupations and industries segments and stratifies modern complex economies and societies. Arguably, the network position of people in the productive network, both in term of the occupation and the industry in which people work, strongly conditions their social status, networks, and ability to be active agents of development (Hartmann, 2014) .
The relative network position and segmentation of different socioeconomic groups in the economy can also explain part of what is colloquially referred to as the, "Keeping up with the Joneses" effect, which is the tendency of people evaluate their income position relative to their neighbor, and thus, misevaluate their own income position in the greater national society. Research on income inequality has affirmed this effect and shown that the distance between socioeconomic groups is often misperceived. Studies in the United States revealed that people tend to underestimate the severity of income inequality within their country (Norton and Ariely, 2011, Clark and Senik, 2010) . Since individuals tend to compare themselves relative to their neighbors, they can increase their happiness from relative income comparisons and not only from consumption (Luttmer, 2005; Guven and Sørensen) . Arguably, "Keeping up with the Joneses" effects are also present in the work place. As an example, an engineer earning a relatively high income may feel relatively poor, if her department manager is buying a new car that she cannot afford.
Moreover, while there is a general understanding that society is clustered into a complex network of different economic activities, methods to capture the network structure of industrial-occupational neighborhoods are just starting to be more widely used (Jara-Figueroa et al, 2018) . In this paper, we contribute to filling this gap by analyzing a detailed dataset of 76.6 million workers in Brazil to reveal the network structure of inequality and social stratification in the Brazilian Industry-Occupation Space (BIOS). We build a network called the Industry-Occupation space to reveal the relatedness between occupations in terms of the industries in which they frequently coappear. We then analyze how income, race, gender, and education are distributed across the BIOS, distinguish different work-related socioeconomic groups, and identify local rich and poor within these groups. The remainder of the paper is structured as follows. Section 2 provides a brief literature review on how different types of industries and occupations are connected to different social classes in an economy. Section 3 introduces the data and methods used in this paper. Section 4 presents the Brazilian industry-occupation space and discusses different socioeconomic groups identified by network community detection algorithms. Section 5 provides concluding remarks.
Literature on occupations, industries and social stratification
A wide variety of factors condition social stratification. Traditionally, social stratification has been characterized by differences in income, education, consumption and lifestyles, geography, race, and gender. Here, we focus on stratification imposed by the occupations and industries in which people work.
Occupations represent a multitude of social markers: income brackets, human capital, work environment, and skills. The interaction of occupations and industries define specific labor markets that constitute the productive structure, or what some sociologists call, the work structure (Kalleberg and Berg, 1987) . Economists, however, typically distinguish social class by their level of income and thus, consumption power. In contrast, sociologists aim to understand the formation of socioeconomic classes in terms of the social conditioning, and the institutionalization of social conditions. Weeden and Grusky (2005) argue that these processes of social conditioning and institutionalization occur at the occupational level. Consequently, they create 'class maps' by utilizing detailed occupational data of grouped occupations based on lifestyles, sentiments, demographic composition, and life changes. The divergence of the research focus between economists and sociologists is also notable within the social mobility literature, where economists tend to consider income changes as the main marker of social mobility while sociologists often study social mobility in terms of occupational shifts (Blau and Duncan, 1967; Rytina, 1992; Heckman and Mosso, 2014) . Both economists and sociologists, however, tend to agree that occupations should be categorized based on their skills, tasks, and knowhow (Kim and Sakamoto, 2008) .
Economists often look at the labor market as a singular market where workers match with firms' labor demands. The ability of a worker to move between jobs, however, does not occur in one market, but rather many labor market pools that are specialized and depend on a variety of characteristics, such as geography, occupation and industry-specific skills, shared institutions, certificates, or educational achievements. In some cases, occupations within an industry are closely related to each other. In other cases, moving between industries, such as from the textile to service industry, may be easier than moving between occupations within an industry.
Clustered networks of related occupations and industries also determine wages and hierarchically cluster subgroups. For instance, industries and occupations related to high revenues, e.g. oil industries or recently digital technologies, tend to have a larger "cake" that can potentially share with its workers, than competitive industries with relatively low profit shares, like e.g. low-tech service industries. However, wages are also dependent on the labor market concentration and buyer-supplier relationships. In this regard, recent work on labor market monopsony and large-scale buyers showed that labor market concentration can reduce wages within certain type of occupations and industries (Azar et al., 2017 (Azar et al., , 2018 Wilmers, 2018; Rinz, 2018) . This implies also that wages are partially determined by the industry and related labor market within that industry.
Moreover, the relatedness between different types of occupations and industries can arguably be a good indirect measure of social interactions or separation between different socioeconomic groups. The workplace provides opportunities for frequent interactions with other people coming from similar knowledge backgrounds. Frequent interactions between people build trust and empathy, and thus facilitate in-depth knowledge transfer (Coleman, 2000) . There may be weak links and knowledge exchange between people from very different occupations and industries, but more in-depth knowledge transfer, shared interests, and imitative behavior tend to happen between people from similar occupations and industries. In consequence, the clustering or distance between different types of occupations and industries can arguably reveal the complex network structure of segmentation and stratification within an economy and society.
It must be noted that different types of industries are also associated with different types of social prestige, wages, and job stability (Campbell, 1960; Tatro and Garbin, 1973; Binder et al., 2016, Brummund and Connolly, 2018) . The prestige of industries can differ across regions and over time. For instance, jobs in information or digital technology have significantly increased and become the elite work force in the US (Binder et al., 2016) . In contrast, a stable and relatively well-paid job in the public administration continues to be desired by the middle to upper class in Brazil, and are fiercely fought for in public exams. Again, this points to the close linkage between occupation and industries as twin forces for social stratification and inequality.
Research in development economics and institutional economics has highlighted the role of industries in the evolution of inequality across and within economies (e.g. Furtado, 1959; Engerman and Sokoloff, 1997; Hartmann et al., 2017 Hartmann et al., , 2019a Hartmann et al., , 2019b . In the context of former colonial economies, the socioeconomic stratification and inequality between different occupational and industrial groups tend to be exacerbated due to a variety of historical and socioeconomic reasons. The type of extractive institutions established in a colony affects the future level of inequality, both in terms of income levels between the colonizer and local economy, and the social relations among the local population (Furtado, 1959; Acemoglu and Robinson, 2012) . In Brazil, for instance, the establishment of exploitative colonial production schemes between the 16 th to 19 th centuries led to a high dependence on commodities, very high levels of income inequality, and a strong differentiation of social classes in Brazil (Freyre, 1933; Furtado, 1959) . Moreover, Latin American economists have highlighted the unequal diffusion of technology and productivity across different productive sectors and related occupations in the formation of Latin American economies (Prebisch, 1949; Furtado, 1959) . Economists have argued that some industries benefit from significant technological advances and levels of productivity, such as modernized largescale agriculture or some manufacturing industries, while a sizeable number or low-productivity sectors, such as street commerce or subsistence agriculture, have produced a continuous surplus of labor, keeping wages low and inequality high (Rodrik, D. and McMillan, M. 2011, Rodrik 2016 ).
Social stratification, economic structure and inequality in Brazil
With a Gini of 51.3 according to the World Bank development indicators in 2015, Brazil is among the most unequal countries in the world, with historically large gaps in income and social status between different occupations and industries. In this regard, Gilberto Freyre (1933) highlighted the social distinction between "masters and slaves" that developed during the formation of Brazil. More recent work in institutional economics argued that economic specialization in exploitative industries, such as large-scale sugar or coffee plantations or mining activities, has been associated with exploitative institutions and perpetuated high levels of income inequality that continued to this day (Engerman and Sokoloff, 1997) .
Despite a considerable diversification into some manufacturing and some knowledge-based service industries, such as aerospace, cars, petrochemical, electronic, and finance industries, large segments of the Brazilian economy and society are working in relatively simple and exploitative economic activities such as agriculture, mining, or simple services (Gala et al. 2018; Hartmann et al., 2016 Hartmann et al., , 2017 . The high level of structural heterogeneity between high and low productivity economic activities continues to create high levels of inequality and worlds apart between different socioeconomic groups. Often, knowledge-intensive jobs like bank managers or aerospace engineers regionally coexist with jobs like cleaning and housing services and different types of blue-collar jobs in construction, agriculture, and various manufacturing industries. But those jobs are socially far apart from one another, not only in terms of income, but also in terms of the industry related knowledge, frequency of social interaction, and socioeconomic milieus.
It is noteworthy that Brazil has a strong tendency towards conspicuous consumption. Besides the standard class evaluation of based income strata (e.g. by the Brazilian Institute of Geography and Statistics), another renowned classification is the "Criterion of Economic Classification" of Mazzon and Kamakura (2016) that puts emphasis on consumption and living standards. This classification captures the living standard, based on taking, for example, the number of housemaids, bathrooms, cars or televisions of the household into accounts. Less emphasis has been put on classifications based on differences across occupational groups. Several studies on income inequality in Brazil have highlighted differences in the productivity of different types of industries, the effect of differences in education and the association between race discrimination, slavery and inequality (Freyre, 1933; Bourguignon et al., 2007; Tavares and Menezes-Filho, 2011; Rodriguez-Castelán et al., 2016; Fujiwara et al., 2017) , but relatively few works have analyzed the stratification associated with occupations on a disaggregated level (e.g. Maia and Sakamoto, 2016; Bartoncelo, 2016) . In some cases, strikes or demonstrations of single occupational groups, such as the "Movimento Sem Terra" of landless, agricultural workers, have drawn attention to particular occupations. Moreover, the enormous class divide between activities associated to the poorer classes, such as housemaids, streets sellers, and construction workers, and occupations associated to the rich and powerful, such politicians, judges, managers, or media stars is omnipresent in the daily life. Yet a more comprehensive empirical picture of the socioeconomic stratification of the Brazilian economy and society which distinguishes different industrialoccupational groups is largely missing. A mere top-down classification from rich to poor, based on different income layers or consumption schemes may omit the complex social differentiation and stratification between different types of industries and occupations. 7
Data and Methods
Recent interdisciplinary methods on bipartite networks have helped to analyze relatedness between different knowledge fields )such as scientific disciplines (Guevara et al., , 2017 , patents (Alstott et al., 2017) or industries (Hidalgo et al., 2007 , Hartmann et al., 2017 , Jara-Figueroa et al, 2018 . Here we make use of these methods to understand how occupations are linked with each other via the industries they share. Moreover, we explore how different socioeconomic characteristics such as income, gender, race, or education are distributed across the resulting Industry-Occupation Space.
We use Brazil's Annual Relation of Social Information (RAIS) (Cardoso, 2007) for 2006 to 2013 to create an industry-occupation space. RAIS is an administrative register compiled by the Ministry of Labor (MTE) based on information offered compulsorily by all formally registered, public or private companies in the country. MTE estimates that RAIS is annually declared by 98% to 99% of officially existing firms (Cardoso, 2007) . The variables in RAIS are available at the municipality level, which makes it the most important source of information on the formal labor market dynamics in the country. The variables in RAIS are collected annually and include demographic, occupational, and income characteristics of employees, as well as labor force movement (hiring and firing). RAIS includes fine-grained information about individual workers in Brazil, including 5,560 municipalities, 2,500 occupations, and 585 industries for more than 30 million workers each year. Occupations are classified according to the Brazilian Occupation Classification (CBO). Here, we use 4-digit level, which gives us a total of 600 different occupation categories. This fine-grained dataset allows us to reveal the social clustering and stratification in the Brazilian industry-occupation space.
The industry-occupation space is a weighted bipartite network connecting industries with their required occupations. This network reveals socioeconomic relatedness between different occupational groups. We formalize the industry-occupation space as follows. Let be the number of people working in occupation o in industry i. We say that i is connected to o when there are more employees performing o in i than expected merely by the size of o. To formalize this notion, we use the revealed comparative advantage RCAio of occupation o for industry i:
When the share of o in i is greater than of o in the entire population (i.e. when RCA > 1) then that occupation o is a relevant occupation for industry i. This procedure handles the fact that there may be occupations that are present in an industry only because the industry is large, and not because they are a key occupation in this industry. By using RCA, we make sure that the connections between an industry and an occupation indicate the role this occupation plays in this industry. 8 Let be the adjacency matrix of the network that connects occupations and industries.
is such that:
is the adjacency matrix of a bipartite unweighted undirected network.
This bipartite network represents the distance (or relatedness) between occupation o and occupation o'. Let ′ = ∑ ′ be the number of industries that hire both o and o' (with RCA > 1), and = ∑ the number of industries that hire o. The distance between o and o' is defined as:
The distance index can be interpreted as an exposure index that depends only on industry structure. In other words, it captures the odds that a random person from o and one from o' work in the same industry, after taken into consideration the effects of the size of the industries and the frequency of occupations in each industry. This "structural" measure enables us to discuss the part of stratification that is due to occupations appearing in the same industry.
The matrix ′ represents an undirected weighted network. Two occupations in this network are connected when there is a significant number of industries that hire them both. For example, in the case of Brazil, the occupation "mathematics professor" is connected with the occupation "economics professor" because more than 82% of the industries that hire mathematics professors also hire economics professors. In this particular case, the weight of the link is 0.82. Thus, the weights of the links show us to which extent occupations tend to share similar industries and give us a proxy network about how the Brazilian labor market is structured into different socioeconomic spaces.
Clusters of related occupations
We use network community detection algorithms to identify clusters of related occupations. Highly connected occupations based on the industrial structure provide an understanding of how occupations are linked via labor inputs reflecting which occupations are likely to work alongside each other. We take two approaches to identify network communities: the Peixoto stochastic blockchain detection model and the Louvain method. It must be noted that community detection models are imperfect and robust detection with clear benchmarks are still being developed (Fortunato et. al., 2016) . Despite this limitation within the current state of network science, these models are still useful for identifying core-periphery structures. We use two different types of detection models to identify clusters that are within the densely connected core (stochastic block method, (Peixoto, 2014) ) and the sparser connected periphery (Louvain detection method, (Blondel et. al, 2008) ). The stochastic block community detection model's strength lies in its ability to identify coreperiphery structures in large datasets with high accuracy and varied community degrees across the network (Fortunato et al. 2016) . We identify the core periphery structure in the Brazilian Industry-Occupation Space with Peixoto's method which uses Markov Chain Monte Carlo (MCMC) to modify block membership of each node to find the best partition. To further identify the periphery clusters with higher resolution, we use the popular Louvain community detection method, which searches for modularity partitions and evaluates the gains of each node that is added or removed in a community and continues this process until the local maxima of modularity is achieved. In sum, community detection is a valuable resource to analyze large complex networks by synthesizing highly connected nodes into analytical groups. In this article it allows us to investigate groups of occupations that are connected to each other due to their shared industries.
Contributions of the occupational cluster to inequality in the labor market
To separate the contribution of the occupational clusters in the industryoccupation space to the overall level of income inequality in Brazil, we use the decomposition of the Theil index for different communities (Novotný, 2007; Bourguignon et al., 2007; Xie et al., 2016) . The decomposition separates the inequality arising from wage differences within each group of occupations and the deviations of the average wage of each community with respect to the national average wage. These two quantities can be interpreted as within community inequality and between community inequality, respectively.
Finally, we calculate a set of further socioeconomic characteristics associated with different occupations and occupational groups. In particular, we focus on the number of people the average level of literacy, the Blau diversity of race, the most frequent race and the male / female ratio in the occupations, in the respective occupations and BIOS groups.
Results
In this section, we present the Brazilian Industry-Occupation Space (BIOS) and reveal the distribution of race, gender, education, and income across the BIOS.
Core-Periphery Structure of the BIOS
The industry-occupation space captures the differentiation of society into different work-related groups (see Figure 1 ). We built the Brazilian Industry-Occupation Space (BIOS) using data from 2006 to 2013, considering only occupations and industries that had more than 100 employees. Since the structure of the BIOS is largely stable across a period of several years, we use the data for the entire period between 2006 and 2013. In order to visualize the network, we start with a minimum spanning tree and then populate the network edges with all links that have a weight ( ′ ) higher than 0.55 so that the average degree of the visualized network is between 3 and 4. This allows us to produce a skeleton and visually analytic network (following the same algorithm as in Hidalgo et al, 2007) . The results are shown in Figure 1 . It must be noted that this filtering process is only used for visualization purposes. To identify network communities, indicated by different node colors, we used the full network. Figure 1 . The Brazilian Industry-Occupation Space. Each node presents one of 600 CBO occupations and is colored according to 28 network communities identified by a combination of Peixoto (2014) and Louvain community detection algorithms. Links between the nodes depict to which extent 600 occupations co-appear in 558 different types of industries.
The skeleton network structure reveals the core-periphery structure of the Brazilian industry-occupation space. There is a dense web of occupations in the core that are related to electromechanical, metal, chemical and business management industries. There is strong interconnectedness between firm management/ administrations and the productive activities in the core of the BIOS. In the periphery of the BIOS, we see several economic activities supporting the core: infrastructure (transportation, maintenance, maritime workers and construction), human development (education and health), services (technicians, media, designers, public justice, food/restaurants, retail, and security), law, and agriculture. Relatively densely connected groups within the periphery are occupations associated with agriculture, textile, health and education industries, respectively. The average path lengths of the occupations in the core of the BIOS are shorter and the network connectivity is higher than in the periphery of the BIOS (See also Figure S1 and S2 in the appendix). This means that occupations at the core, such as business admins or managers, are linked with many other occupations through a varied set of industries that require these types of occupations. Conversely, several occupations in the periphery, such as train operators, book binders, or aircraft assemblers, can only be found within particular specialized industries. Thus, these more central occupations, tend to also have access to a more varied set of knowledge from different industries and occupations, and thus take a more central position in the society. A manager, for example, would be exposed to a diverse set of occupations over the course of their career, while a more specialized occupation such as a medical doctor, would be exposed to a less diverse set of occupations.
Network Communities in the BIOS
We applied stochastic block methods (Peixoto, 2014) and Louvain community (Blondel et al., 2008) detection methods to identify the most connected occupational groups in the BIOS. The Peixoto algorithm is better able to identify groups within the core of the network while the Louvain method can distinguish the periphery clusters with better accuracy. The Peixoto distinguished 12 distinct clusters, while the Louvain revealed 21 clusters. Taken together, we can distinguish 28 occupational clusters, based on the connectivity between different groups of occupations and the distance to other groups of occupations.
It must be noted that these 28 occupational clusters are significantly different from the occupational groups in the Brazilian Occupation Classification (CBO) (Ministério do Trabalho e Emprego, 2010). The occupational classification of Brazil is mainly based on the skills that are necessary to effectively do a job, such as cognitive or manual skills. Yet, in practice, the expected income, social prestige, and skills are also commonly dependent on the particular industry in which one works (Campbell, 1960) . Not only the occupation per se, e.g. being an administrative assistance, assembly or service worker, but also the more precise industry in which a person works, condition different socioeconomic groups.
To test the differences between our cluster solution and the CBO occupational groups we calculate Adjusted Rand Indices (ARI) for several different CBO aggregation levels. The ARI is a standard index that quantifies how similar two classifications are, after adjusting by chance, where 0 means that they are as similar as given by chance, and 1 means that they are more similar than what can be expected by chance. We can observe low Adjusted Rand Index (ARI) values of 0.09, 0.19, and 0.10 comparing our 28 occupational clusters in the BIOS solution with occupations 187, 45, and 9 grouping identified on the 1, 2, or 3-digit level of the CBO. In addition, other cluster solutions, using either Peixoto or Louvain algorithms lead to low ARI indices (See Table S1 in the appendix). Thus, the grouping resulting from the network communities in the BIOS is significantly different from the grouping of occupation in the standard Brazilian Occupation Classification. This is the case because our BIOS clusters do not consider only occupation-related skills, but also the type of industries shared by occupations and thus how different types of occupations and industries cluster together. To a certain extent, this captures how shared knowledge, skills, interests and social networks not only span within one occupation, but also across related or shared industries.
Next, we analyze the resulting 28 occupational groups in more detail. Table 1 shows the number of people, the average wage, literacy, diversity of race, percentage of females in each group, as well as the contribution of each group to the Theil income inequality in Brazil. As expected, we find that directors and senior managers, as well as engineers have the highest average income, workers have the lowest, and technicians have intermediate levels of average income. Yet the BIOS also allows for a more fine-grained distinction between different types of technicians and workers, according to the particular type of occupation and industry they are working. The particular industry in which different types of technicians are working, e.g. in materials, utilities, chemical, electromechanical industries, or telecommunication, is associated with different levels of wage, literacy, diversity and the percentage of female, and identifies distinct socioeconomic groups. Thus, industries structure society into different subgroups. For instance, while technicians and professionals in utilities and chemical industries are mainly male, with a medium level of education, and a high wage, technicians and professionals in health and biotechnology tend to be female, earn slightly less income, and have a higher education level than the previous group.
It is noteworthy that while the groups "Directors" and "Engineers" have the highest average wages, technicians in administration and technicians in education, have the highest total contribution to income inequality. The reason for this is that jobs in administration are much more frequent than CEOs or engineers. In other words, while occupations traditionally associated with the upper class, such as managers and engineers, do have the highest wages, occupations associated within middle or middle-upper class contribute the highest amount of inequality to the Brazilian labor market. Occupations with various general workers add relatively little to overall income inequality in Brazil simply because they are the vast majority of the working population.
Subsequently, we analyze the distribution of gender, race, education, and income across the BIOS in more detail.
Distribution of women in the BIOS.
Figure 2-A shows a marked distribution of the percentage of female in the BIOS. Health, education, administration, and occupations in the garment and fashion industries have a significantly higher percentage of female workers than male-dominated occupations in extractive, agricultural, and manufacturing industries. For instance, 88-95% of people that are working in occupations such nutritionists, social workers, housekeepers, psychologists, and dental technicians are women (see Table S2 in the appendix). In contrast, 99% of people working as construction workers, excavators, general cargo drivers, and fishermen are men. Thus, the BIOS clearly captures the segregation of the working world into industries and occupations that are dominated / preferred by either men, women or both genders. As expected, occupations that tend to be associated with manual and technical skills are dominated by men, and activities associated to social, interactive and cognitive skills are dominated or at least have a larger percentage of women. A promising line of follow-up research would analyze the overlay skills.
Distribution of education in the BIOS.
Next, we analyze the distribution of education-measured by the average level of literacy-in the BIOS (see Figure 2-B) . Occupational groups in education, health, management and administration, law, and electromechanical industries tend to have very high levels of education. Several occupation groups 
Racial diversity in the BIOS.
Next, we analyze the distribution of racial diversity across the BIOS (See Figure 2-C) . Occupations associated with a relatively high level of diversity and a high share of black workers tend to have relatively low wages and education levels. In contrast, occupations associated with relatively low levels of diversity and a high percentage of white workers tend to be associated with higher average wages and education levels. For instance, workers in elite occupations, such as financial institution manager, computer engineers, pilots, or health science researcher tend to be white. In contrast, the highest share of workers in occupations such as tobacco, salt, fiber wax, oil, liquid and gas extractions extraction workers are black (see Table S3 in the appendix). Moreover, occupations with a high level of diversity tend to be in the periphery of the BIOS. Interestingly, though racially less diverse occupations are not only slightly clustered in management and administration groups, but are also scattered across the entire BIOS. It seems the history of slavery has persisted in the distribution of racial diversity in the BIOS.
Wage Inequality in the BIOS.
Finally, we analyze the wage distribution across the BIOS in detail. Figure  2 -D shows that occupations in the productive core of the BIOS, as well as occupations in health, education, law and order have significantly higher average wages (colored in dark blue) than most occupations in the periphery of the BIOS (light blue).
Interestingly, we can observe some occupations across the BIOS that have significantly higher incomes than their immediate network neighbors and industrial occupational network community. Moreover, there are some occupations that have relatively high wages (e.g. in the administration and management occupations) yet are relatively poor in comparison with some network neighbors that are very rich. This relative poverty within industrial-occupational groups may explain a lack of connection with poor strata outside their own network group. In this regard, it must be noted that many people of higher income strata tend to under-evaluate their own income and focus on their relative deprivation in comparison with a small fraction of very rich individuals. In order to get a realistic overview about wages in Brazil, Figure 3 plots the distribution of wages paid in Brazil to 76.6 million workers in the years 2006 and 2013. We can observe that salaries below 1000 Brazilian Real (=440USD in 2013) are very frequent, salaries between 1000 to 3000 BRL (440-1320USD) are much less frequent, while salaries above 3000 BRL are earned by a limited number of people. Only 5.7% of the salaries are above 5000 BRL. It is likely that people tend to compare their salaries and living standards rather with people who work in similar occupations and industries-in other words BIOS network neighbors-than with people that work in distant parts of the Industry-Occupation Space. Figure 4 plots the positioning of occupations within their "local occupational network groups" against the positioning in the total income distribution of all occupations. Being relatively poor within the groups is highly correlated (corr=0.815) also with being relatively poor at the national level. Yet there are also differences with respect to the extent to which somebody is relatively above (/below) their own group or the total average wage. On the top left quadrant of Figure 4 are occupations-such as sales supervisors, electromechanical technicians and visual artists-that are above the average national wage, but below the average wage of their industrial occupational cluster. On the bottom right are occupations that are below the total average, but relatively well-off within their network group, such as textile or agricultural supervisors. On the bottom left are occupations that are both below the national wage average as well as their groups average. On the top right are occupations whose workers' average income is both above the national average wage as well as the average wage within their occupational-industrial group. Among the occupations with the highest relative advantages within their own group feature high-level public administration occupations, such as ministers, public defenders, and federal revenue inspectors, as well as occupations associated with the mining and deep-sea petroleum industry, such as mining engineers and COO or marine engineers (see Table 2 ). Among the occupations with the largest disadvantages within their own group feature creative jobs, such as technicians in audio, video and film, administration jobs, such as accounting assistants and secretaries, as well as service jobs such as housekeepers and restaurant workers. 
TOP TEN OCCUPATIONS WITH REGARD TO WITHIN GROUP RELATIVE RICHNESS

Discussion and concluding remarks
Measuring social stratification has often been done in terms of income, education, sentiments, or general skill composition (service, routine, cognitive, etc.). While there are varying perspectives of how to analyze an individual's position within a social structure, we took the perspective of utilizing a person's position based on their occupation, while also including the industry in which they work. As Weeden and Grusky have argued, "occupations shape behavior through additional sociological forces of self-selection, differential recruitment, socialization, and interactional closure, all of which become activated in the context of institutional categories" (p.142, 2005) . Our approach follows this perspective as a way to analyze social stratification, yet we defined a narrower social position based on work that not only identifies one's occupation but also includes the industry. This interaction between industry and occupation is important as it is not only the particular job title that an individual holds, but also the unique knowledge of an industry that further constrains their position within the labor market. Industries are a site of stratification, just like occupations and education. We believe the BIOS provides a map of relative income groups where the complex network structure reveals where there are shared work experiences with occupations and industries. Thus, the industry-occupation space helps reveal who are work-related neighbors. In this regard, a "comparative neighbor" in the industry-occupation space is someone who has a similar job in a similar industry. Arguably, people tend to compare their income with the income of people with similar jobs and industries to a greater extent than to the income of people from very different industries and occupations. The perception of one's income and societal position is influenced by one's work environment, and thus positioning in the industry-occupation space. 20 We used network community detection algorithms to identify 28 different network communities sharing similar occupations and industries. Moreover, we showed that race, gender, education and income show different distributions across the BIOS. While some parts of the BIOS are dominated by women, others are dominated by men. Moreover, while some parts of the BIOS have high levels of average income and/or high levels of income, other parts of the BIOS have high levels of inequality between some well-paid professions occupied mainly by white men, and low paid occupations occupied by a more racially diverse work force. Finally, we showed that some occupations are relatively well-paid in comparison with the entire workforce, but relatively deprived within their industrial occupational group.
One may ask to which extent the results and industry-occupation space presented in this article is unique to the case of Brazil or depicts typical structures that can also be found in other economies and societies. Several of the findings are not unique to the Brazilian case. Firstly, increasing the division of labor is a widespread phenomenon that is likely to increase the socioeconomic differentiations of different socioeconomic groups. Secondly, we may find a certain disconnection between education and health industries, and the productive core in most countries. This kind of structure can also be found in the United States, which has an interconnected education and health industry, but both of those industries are separated from core activities (Kaltenberg and Hidalgo, 2018) . Other countries with stronger vocational systems, such as Germany, may have more overlaps between the education sector and productive industries. Thirdly, a certain disconnection of natural resource driven economic activities, such as agriculture and mining, with the rest of the industry-occupation space can also be found in other countries (Kaltenberg and Hidalgo, 2018) .
However, there are also differences. For instance, other economies may have a more diversified and sophisticated service sector, including large business service sectors (Kaltenberg and Hidalgo, 2018) . Moreover, the pronounced segmentations of race, education, and income arguably reflects the exploitative historical formation of the Brazilian economy and society (Freyre, 1933; Furtado, 1959; Engerman and Sokoloff, 1997) . For instance, the large importance and separation of different types of resource-based activities into separated peripheral parts of the BIOS reflects the large spatial size and natural-resource wealth of Brazil. Hopefully, subsequent comparative analysis of industry-occupation spaces may shed more light on how different historical trajectories and industry specialization affect the social stratification of societies.
There are a couple of additional limitations that need to be mentioned and addressed in subsequent research. Using the RAIS database allows us to analyze the entire formal Brazilian labor market. Yet this also means that this analysis does not include the large informal sector in Brazil. However, we expect that including the informal market may not substantially affect the main findings of this paper. It is likely that the size of the periphery would expand, and some of the richer strata earning even higher relative incomes. The fundamental structure and industrialoccupational groups, though, are not likely to change. However, there is a need for a more sophisticated classification of services. The lack of more fine-grained disaggregation of service industries may explain why we identify one larger service group that is comprised of both simple jobs, like housemaids and butchers, as well as professions in the law and order sector, such as attorneys, public ministry employees, and police chiefs. For the sake of consistency of our methodology, though, we do not manually separate these clusters. This cluster comprises around 5% of the work population and a more sophisticated industrial classification would likely help split these groups into two or more separated network communities.
Despite these limitations, our analysis provides a new way to reveal socioeconomic stratification based on the occupations and industries in which people work. Most research and policy approaches in economics on inclusive growth have been somewhat neutral about different types of occupations and industries. These approaches highlight the general need for (1) more education and human capital (Tavares and Menezes-Filho, 2011) , (2) higher (minimum) wages for workers (López-Calva and Lustig 2010; Lustig et al., 2013) , or (3) emphasize the need of promoting industrial growth and diversification at the macro level (Gala et al., 2017; Hartmann et al., 2017) . These general measures may fail, though, if they do not consider the complex network structures of socioeconomic stratification and inequality that can hamper social cohesion and interactive learning. In contrast, approaches using large data sets and methods from network science are still not widespread in sociology. Here, we show how these methods can contribute to understanding the complex network structure of inequality and social stratification in modern societies.
